We present a novel method, HMMSTR-CM, for protein contact map predictions. Contact potentials were calculated by using HMMSTR, a hidden Markov model for local sequence structure correlations. Targets were aligned against protein templates using a Bayesian method, and contact maps were generated by using these alignments. Contact potentials then were used to evaluate these templates. An ab initio method based on the target contact potentials using a rule-based strategy to model the protein-folding pathway was developed. Fold recognition and ab initio methods were combined to produce accurate, protein-like contact maps. Pathways sometimes led to an unambiguous prediction of topology, even without using templates. The results on CASP5 targets are discussed. Also included is a brief update on the quality of fully automated ab initio predictions using the I-sites server. Proteins 2003;53:497-502.
INTRODUCTION
Traditional structure prediction methods represent proteins either as three-dimensional structures or linear strings of secondary structure symbols. Contact maps are square symmetrical Boolean matrices that represent protein tertiary structures in a two-dimensional (2D) format. The 2D format has simplified the process of developing a rule-based algorithm for protein-folding pathways. The new algorithm, called HMMSTR-CM, has been tested on CASP5 targets. Two-dimensional flat images are more readily discernable to the eye and more memorable than complex, rotating three-dimensional (3D) images. With only a little training, a student can learn to quickly distinguish a contact map for an ␣/␤ barrel from a three-layer ␣/␤ fold, different topologies which are very similar in their secondary structures. Similarities between distant homologues or analogs of ␣/␤ and all ␤ folds can be seen easily in contact maps, even when the 3D structures superimpose poorly. It makes sense that if our eyes can recognize protein folds from 2D patterns, that we may be able to program a computer to do so and thereby create a new tool for learning the rules of folding.
Contact maps may be projected into three-dimensions if they satisfy the conditions of a sphere intersection graph of a self-avoiding chain, 1 which all protein contact maps do but not all predictions. Methods that reconstruct the protein structure from its contact map have been developed. [2] [3] [4] [5] Previous contact map prediction methods have used neural nets, 6 ,7 correlated mutations, 8 -11 and association rules. 12, 13 Neural net-based predictions had an average accuracy of about 21% overall, 14 whereas higher accuracies were reported for local contacts, 7 but the accuracy is lower for all-␣ proteins.
Our earlier work 13 led us to believe that two important factors were missing in contact map predictions. First, typical predicted contact maps were ambiguous or physically impossible in 3D. Second, the order of appearance of contacts was not considered, even though much is known about folding pathways. [15] [16] [17] [18] In the new approach, we tried to incorporate "physicality" and protein-like characteristics by using protein templates and simple rules. The rules consist of common sense facts for packing of secondary structures. Rules for the order of appearance were derived from the general assumptions of a nucleation/ propagation pathway.
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MATERIALS AND METHODS
The results of two methods are discussed here: the I-sites server, which is fully automated, and HMMSTR-CM, which was only partially automated. The two methods consist of suites of programs having a common origin in the I-sites Library or its hidden Markov model incarnation HMMSTR. The I-sites server uses the folding simulation program ROSETTA, 19 originally developed in the Baker laboratory. The strategy used by the I-sites server has been previously documented, 20 and no significant changes were made to it before predicting the CASP5 targets.
The initial steps in processing the query sequence, database search, and building of a sequence profile are common to the two methods. Single sequences were submitted to PSI-BLAST, 21 searching nr with an E value cutoff of 0.001. The resulting multiple-sequence alignment was converted to a sequence profile, as previously described. The target sequence profile was used to generate 3D coordinate (TS) using the I-sites server or contact maps (RR) using HMMSTR-CM. I-sites generates a fragment library, and with it, Rosetta searches conformational space using the Monte Carlo fragment insertion method. 19, 22, 23 
HMMSTR-CM: Threading and Ab Initio Contact Map Predictions
HMMSTR is a hidden Markov model for local sequence structure correlations in proteins. 24 Each HMMSTR state is a position in an I-sites Library motif. 25 These motifs are short sequence patterns that may fold independently. The position-specific Markov state probability matrix (␥, as described in Rabiner's tutorial 26 ) was calculated for the target sequence and was precalculated for each of the 1239 templates. Each value ␥(i,q) is the confidence for HMMSTR state q at sequence position i, calculated by using the forward/backward algorithm. 27 The target ␥-matrix was aligned against each template ␥-matrix by using Bayesian adaptive sequence alignment method 28 (BayesAligner), where the alignment matrix was composed of sums over the joint probabilities of HMMSTR
. The BayesAligner produced a single score and any number of alignments. Templates with low alignment scores were rejected. Otherwise, 100 alignments were selected from each template at random for further evaluation.
Alignments were removed from this set if they were highly fragmented. A "compactness score" was calculated as the length of the longest contiguously aligned region, ignoring small gaps (Յ3 residues). The template distances at the ends of the aligned blocks were enforced to be physically possible values (i.e., D i,j Յ 3.8 ϫ ͉i Ϫ j͉) by trimming the aligned blocks if necessary. Candidate contact maps (C) were generated by using the alignments and the contact maps of the templates with top compactness scores. Each C was scored by using the "contact free energy" (CFE).
The pairwise contact potential between any two HMMSTR states p and q (G(p,q,s)) was calculated as the log of the mutual probability of these two states in contacting residues (C␣ -C␣ distance Ͻ 8 Å ), for proteins in the PDBselect database (Eq. 1).
G͑p,q,s͒ ϭ Ϫlog
The sensitivity of discriminating contacts from noncontacts improved greatly by calculating G as a function of the sequence separation s (4 Յ s Յ 20). For sequence separations Ͼ 20, s ϭ 20 was used. The total number of potential functions G was 1037153, one for every pair of 247 Markov states in HMMSTR and every separation distance from 4 to 20. G may be viewed as the knowledgebased energy of contacts between local structure motifs.
The contact potential between residues i and j (E(i,j)) in the target was calculated as the probability-weighted sum of the pairwise potential functions G (Eq. 2).
where s ϭ ͉i Ϫ j͉. E is called the target contact potential map. In general, E readily identifies possible contacts between ␤ strands and also finds supersecondary structure motifs such as the right-handed parallel ␤␣␤ motif and the ␣␣-corner. The contact free energy (CFE) was calculated by summing the elements of E that are present in C. Contacts with sequence separations Ͻ 4 were ignored (Eq. 3).
where ͗E͘ is the mean contact potential for the target. For each target, we calculated the CFE for all templates and all alignments and chose one or more template/alignment with the best CFE. Other factors, such as the compactness score, were also considered. The automated selection of templates was sometimes overruled by our ab initio analysis, described below. If the propagation rules favored one topology over another and a template of the favored topology was present in our list of top scorers, we would select that template over a higher scoring one.
Consensus and Composite Contact Map Predictions
Often several of the top-scoring templates contained the same fold or substructure. Consensus was considered a strong indicator, especially if the fold was uncommon. Multiple candidates were sometimes used to construct a single composite map. In practice, consensus similarity between many structures is difficult to see in a 3D multiple superposition but is easy to see in superimposed contact maps. By combining the top scoring predictions, we could "grow" the incomplete pattern into a complete one.
However, simply overlapping and combining the contact maps may introduce "noise"-contacts that make the prediction physically impossible. (An impossible contact map is the one that cannot be projected into 3 dimensions.) Manual postprocessing, including rule-based manual editing (discussed below) were needed to enforce the physical reality of the final contact map.
Ab Initio Rule-Based Pathway Predictions
A rule-based structure propagation model was used either in conjunction with templates, consensus templates, or ab initio (without templates). Given a contact potential map, E (see Eq. 2), we kept the contacts that were better than a cutoff value to create the initial contact map. The initial map was often characterized by dense blocks of contacts between ␤-strands and sparse contacts to helices.
If we kept all of these contacts, the map would be physically impossible. A set of common sense rules (Table  I) were compiled to enforce physical reality and proteinlike characteristics. These rules were enforced as the map was pruned by using a pathway scheme.
To start the folding pathway, we selected one or more triangular local regions with many high-confidence contacts as the nucleation site(s). We propagated the prediction in both directions by assigning or erasing blocks of contacts around the nucleation site, subject to the rules. TOPS diagrams 29 were drawn for the growing structure as a visual aid. The prediction was complete when all of the remaining contacts were rejected.
RESULTS AND DISCUSSION I-Sites/Rosetta Server Automated Predictions
The automated I-sites Rosetta server (http://www.bioinfo. rpi.edu/ϳbystrc/hmmstr/server.php) predicted the tertiary structures for all CASP5 targets in the NF and FR categories, as well as several of the FR/CM targets that were not identified as homologues of known structures. The successes and failures of the server may be summarized in a few broad statements.
For the 44 submitted predictions, 67% of the residues were found in "topologically correct" large fragments, defined as fragments of Ն30 residues with RMSD Ͻ 6 Å . This is a slight improvement over the results from CASP4, but because the method was not significantly modified during that period, the improvement may be just a statistical fluctuation. The average contact order of server predictions was significantly lower than that of the average target, as was reported previously. The server inserted approximately the right number (ϳ8%) of left-handed ( Ͼ 0.) residues overall, but too few of them (14%) are located on glycines.
Topologically correct large fragments were often incorrect locally, probably because Rosetta occasionally needs to insert a very unlikely fragment to get the non-local contacts to come together. The I-sites server correctly identified the overall antiparallel ␤ topology of target 162, a new fold.
HMMSTR-CM: Contact Map Predictions
We predicted contact maps for 42 CASP5 targets in the FR and NF categories using HMMSTR-CM; 12 were predicted with the consensus method, 22 were predicted with single templates, and 6 were ab initio predictions. Two targets were predicted with partial templates with remaining parts predicted ab initio. For all but three targets, we submitted single predictions. Here we discuss a few of the successes and failures.
Using a Single Template
Target T0157 is an example of a successful prediction using a single template (Fig. 1) . All visible secondary structure units are correctly predicted (18 residues are missing in the crystal structure), and all of the true contacts have a better-than-average E(i,j) score. A consensus map of the top scoring six templates was plotted, and this map, along with the E(i,j) map, was used to do an ab initio prediction. Nucleating the pathway at ␤ 4 ␣ 2 ␤ 5 and propagating produced a TOPS diagram that agreed with one of the toptemplates, 1HJR, and this template was, therefore, chosen to prune the consensus contact map. The two N-terminal hairpins are slightly underpredicted, and a contact between helices 1 and 2 is overpredicted (Fig. 2) .
This method fails if the secondary structure prediction is inaccurate. In targets T0129, T0134, and T0174, HMMSTR significantly underpredicted the helices.
Using a Consensus Template
Target T0147 is an example of a successful prediction using multiple templates. The threading method found four templates that had top CFE scores and also shared common structural components. Three of those templates are eight-stranded ␣/␤ barrels, and the other consists of two parallel ␣/␤ domains. T0147 is an ␣/␤ barrel with seven parallel ␤-strands. Templates with good CFE scores existed, but none of them predicted all of the first five there are at the most six residues in contact with both i and j. 3. ␤-pairing rule: A ␤-strand can be in contact with at the most two other ␤-strands. 4. ␤-sheet rule: Any two pairing strands are either parallel or antiparallel. 5. Helix mutual contact rule: A residue cannot be in contact at the same time with the residues on the opposite sides of a helix. 6. Helix rule: Within a helix, only the contact between residue i and i ϩ 4 is allowed. 7. ␤-rule: No contact is allowed within any strand. 8. Right-hand crossover rule: Crossovers between parallel strands of the same sheet (paired or not) are right-handed (especially if the crossover contains a helix) 9. Helix crowding rule: If a helix can go to either side of a sheet, it picks the side with fewer crossovers. 10. Strand burial rule: If a strand can pair with either of two other strands, it chooses the one that is more nonpolar. † We only consider contacts separated by at least three residues. 
PREDICTING INTERRESIDUE CONTACTS
helices and parallel ␤ strand contacts correctly. By combining the results from those top scoring templates, the final prediction is better than any of the contact maps from the single templates. In particular, we found parallel contacts between the first six ␤-strands correctly. Visual inspection of the templates confirmed that they share the same topology, but we believe that finding a structural similarity and combining structures is easier and more easily automated in the contact map format rather than in 3D coordinate space.
Target T0147 also reveals a weakness of the method. HMMSTR, which is trained to recognize recurrent supersecondary motifs, does not recognize the unusual substructure at the C-terminus, three short helices instead of the usual ␤␣␤ motif. The consensus method tends to bias the prediction toward the more common folds.
Using No Template
When the results of threading were not clear-cut, we tried to construct a contact map directly from the contact potential map, E, using physicality and propagation rules (Table I) . Given a reasonably accurate secondary structure prediction of HMMSTR, the coverage of true contacts in E was generally high, but the map also included many false contacts. The accuracy of the ab initio approach depended on the accuracy of contact map pruning. Accurate pruning was found to depend strongly on the choice of the initial nucleation site.
Target 130 is an example of a successful ab initio prediction. It has 116 residues arranged in a three-layer ␣/␤ sandwich. The contact potential map is shown in Figure 3(a) . By choosing different nucleation sites, there was more than one way to derive a physically possible and high scoring topology. In this case, we selected to start the pathway with ␤ 2 ␣ 2 ␤ 3 . The pathway was propagated as follows:
1. Parallel ␤ contacts were assigned between ␤ 2 and ␤ 3 .
2. Antiparallel contacts were assigned to ␤ 1 and ␤ 2 . All other ␤ contacts to ␤ 2 were pruned. 3. There were two ways to make a right-handed crossover from ␤ 3 to ␤ 4 [ Fig. 3(c)-(d) ]. Because ␤ 1 is more hydrophobic than ␤ 3 , we paired ␤ 1 with ␤ 4 . All other ␤ contacts to ␤ 1 were pruned, and contacts between ␣ 2 and ␣ 3 were pruned because they are now on opposite sides of the sheet. 4. ␣ 1 must be on the opposite side of the sheet from ␣ 3 , because ␣ 3 extends across the sheet. Contacts were assigned between ␣ 1 and ␣ 2 .
The completed TOPS diagram and contact map accurately match the true structure. The prediction has 42% contact coverage and 29% accuracy. However, if we count near misses (Ϯ1 residue), then the coverage is 75% and the accuracy is 57%. Note that the long-range contacts between the ␤ 1 and ␤ 4 were correctly predicted. Long-range contacts are difficult to predict with purely statistical methods.
Identification of the folding nucleation site is the critical step in this approach. Once the nucleation site is chosen, the subsequent contact assignments are often unambiguous. The choice of the nucleation site in T0130 was relatively easy. Only one of the three parallel ␤␣␤ units had a high score. The hairpin between ␤ 1 and ␤ 2 would also be a correct choice, but the selection of ␤ 2 ␣ 2 ␤ 3 eliminated more of the potential incorrect folding pathways.
Target 138 is an example where we chose the wrong nucleation site (data not shown). T0138 is 135 residues long and has multiple ␤␣␤ motifs. From its contact potential, two possible ␤␣␤ nucleation sites could be identified. We chose ␤ 2 ␣ 1 ␤ 3 . If we had chosen the correct nucleation site, ␤ 3 ␣ 2 ␤ 4 , there would be an unambiguous propagation all the way to the N-terminus, giving the correct 2134 strand order. Our erroneous choice of the nucleation site led to the incorrect strand order 2314. 
Potential Improvements
By gaining insight about how different parts of the protein pack together, we can improve the accuracy of the ab initio method. This will be necessary to make the whole prediction process automatic. The rule-based pathway approach depends on the correct assignment of the fold class of the target (all-␣, ␣/␤, ␣ ϩ ␤, or all ␤ 30 ), because the rules of propagation depend on choices of the final topology. Generally, this assignment is not difficult. So far, pathways have been applied only to the ␣/␤ class, but a different set of rules may be envisioned for the packing of helices and all ␤ proteins.
The difficulty of choosing the correct nucleation site increases with protein size, because there are more to choose from. For larger proteins, more than one correct nucleation site may be required. Because the propagation pathways have only a few steps, one approach could be an exhaustive, recursive search of all allowed topologies starting with each potential nucleation site. This could be done automatically.
Our predictions have many false contacts adjacent to true contacts (e.g., a "fat" ␤-hairpin prediction) even though it is predicted at the right position. Rules to prune this type of false contacts-in other words, to beautify the predicted contact blocks-would increase the accuracy of our prediction.
CONCLUSIONS
We have developed methods for calculating an interresidue contact potential map for a protein sequence, for aligning that map to templates, and for pruning that map by using a folding pathway model. Results on CASP5 targets reveal that the folding pathways for some ␣/␤ proteins are unambiguous given the correct choice of the folding nucleation site. Pathway predictions improved the selection of a remote homologue for one threading target. Consensus contact maps are more accurate than maps from single templates. The contact map format (RR) is a useful intermediate level of representation that facilitates rule-based algorithm development. 
